MYOSIN HEAVY CHAIN (MHC), which forms the thick filament of the skeletal muscle contractile apparatus, exists in multiple isoforms that contribute to the functional diversity of muscle fibers (12, 24) . Muscle fiber types are categorized based on their functional and metabolic characteristics, with contractile activity dictated, in part, by the ATPase activity of the different MHCs (3) . Correlations between shortening velocity and MHCs have been demonstrated using various physiological and histochemical techniques (3, 10, 15, 19, 20) . Mouse skeletal muscle expresses four different MHCs, generating the following pure fiber types: slow type I and fast types IIa, IIx, and IIb (22) ; humans lack the IIb gene. Type IIb and IIx fibers have the fastest shortening velocities, type I fibers have the slowest velocity, with IIa fibers being intermediate. Coexpression of two different MHC isoforms results in hybrid fibers (I/IIa, IIa/IIx, and IIx/IIb), considered transitional fibers (18) . While muscle fiber type is largely predetermined, fiber type is also very adaptable, with fibers changing their MHC composition in response to exercise, overload (15, 20) , inactivity (4, 17, 23) , and aging (4) , resulting in overall alterations in the speed of contraction of the muscle. Fast-to-slow and slow-tofast fiber-type transitions occur in the following order I↔ IIa↔IIx↔IIb, such that a muscle may be composed of a combination of different pure and mixed fiber types. Thus quantification of muscle fiber-type composition, as well as the size of individual fiber types, provides fundamental information that affects overall function of the muscle.
In addition to altering MHC isoform composition in response to mechanical loading, unloading, and injury (18) , skeletal muscle adapts by modifying fiber (cell) size (21) , and by recruiting resident muscle stem cells (satellite cells) to regenerate damaged fibers; central nucleation is characteristic of regenerating muscle fibers (11) . During muscle hypertrophy, satellite cell-dependent myonuclear accretion occurs (13) , and, similarly, in some modalities of muscle atrophy, myonuclear loss occurs (7) . The ratio of myonuclei to cytoplasmic volume within a muscle fiber, known as the myonuclear domain (1) , is believed to have physiological significance, as the myonuclear domain is both fiber type (12) and stimulus dependent (18) . Due to their location around the periphery of normal muscle fibers, distinguishing myonuclei from interstitial cell nuclei at the light microscope level in muscle cross sections requires labeling of the sarcolemma in conjunction with nuclear labeling, followed by manual counting. Visually identifying myonuclei is relatively subjective and time consuming, so it is highly susceptible to both interindividual and interlaboratory variability, resulting in discrepancies within the literature, despite the use of similar animal models (2) .
Studies designed to prevent muscle loss, promote muscle recovery, improve muscle function, and/or develop exercise or nutritional interventions to promote muscle health, require accurate quantification of muscle fiber size, MHC isoform composition, and myonuclear number to assess muscle adaptability and determine the effectiveness of the therapeutic interventions. We report here an automated method to rapidly and objectively quantify multiple morphological properties of muscle. It builds on our laboratory's previously reported approach for quantifying muscle fiber cross-sectional area (CSA) (14) . To our knowledge, this is the first study to report a computer algorithm for automated assessment of muscle fibertype composition, fiber-type-specific CSA, and myonuclei counting for calculating the myonuclear domain. We report the extensive testing and validation of our approach compared with manual annotations.
MATERIALS AND METHODS

Collecting and Processing of Muscle Tissues
All animal procedures were conducted in accordance with institutional guidelines for the care and use of laboratory animals, as approved by the Institutional Animal Care and Use Committee at the University of Kentucky. Adult (4 -6 mo of age), male and female C57BL/6 mice were utilized in the present study. For quantification of centrally located myonuclei, plantaris muscle that was damaged during surgical removal of the gastrocnemius and soleus muscles was utilized. The damaged plantaris muscles were isolated 2 wk after surgery and serve as a model of regeneration in the present study. Euthanasia was accomplished by an intraperitoneal injection of 0.01 ml of Euthasol (pentobarbital sodium and phenytoin sodium) in conjunction with cervical dislocation. Plantaris and soleus muscles were excised, pinned to a cork block at resting length, covered with a thin layer of Tissue Tek OCT compound (Sakura Finetek, Torrance, CA), and then quickly frozen in liquid nitrogen-cooled isopentane and stored at Ϫ80°C until processing.
Immunohistochemistry
Antibodies (Abs) and reagents used were as follows: anti-dystrophin (1:50; Vector Laboratories, catalog no. VP D505), mouse IgG blocking reagent (catalog no. MKB-2213), streptavidin-AMCA (Alexa Fluor 350; catalog no. SA-5008) all from Vector Laboratories (Burlingame, CA); Texas Red-conjugated goat anti-mouse (catalog no. 610 -109-121, Rockland Immunochemicals, Gilbertsville, PA); 4=,6-diamidino-2-phenylindole (DAPI; catalog no. D3571), goat antimouse IgG2b, Alexa Fluor 647 conjugated 2°Ab (1:250; catalog no. A21242), goat anti-mouse IgG 1, Alexa Fluor 488 conjugated 2°Ab (1:500; catalog no. A21121), goat anti-mouse IgM, biotin conjugated 2°Ab (1:150; catalog no. 626840; Invitrogen, Carlsbad, CA); and anti-MHC I (BA.D5), anti-MHC IIa (SC.71), and anti-MHC IIb (BF.F3) from Developmental Studies Hybridoma Study Bank (Iowa City, IA). Frozen muscles were sectioned (7 m), air dried, and stored at Ϫ20°C.
For myonuclear counting, fresh-frozen muscle cross sections were immunoreacted with the dystrophin Ab, followed by Texas Redconjugated secondary Ab to delineate the muscle fiber. Sections were postfixed in 4% paraformaldehyde and then stained with DAPI (10 nM; Invitrogen, Carlsbad, CA) to visualize nuclei. Three to five washes with phosphate-buffered saline were performed between each step.
For fiber typing, following dystrophin staining visualized using an Alexa Fluor 350-conjugated secondary Ab, cross sections were immunoreacted with Abs against MHC isoforms type I, IIa, and IIb, followed by immunoglobulin-specific secondary Abs conjugated to different fluorophores, quantified as described below. Three to five washes with phosphate-buffered saline were performed between each step followed by postfixation with methanol.
Manual Fiber Typing and Fiber-type-specific CSA
All images were captured with a black and white digital camera on a Zeiss upright fluorescent microscope (AxioImager M1) at ϫ20 magnification. For manual fiber-type quantification, Zeiss AxioVision Rel software (version 4.8, Oberkochen, Germany) with fluorescent channel-specific counting was used. Fibers were sequentially scored as positive/negative in the Alexa Fluor 488 (type IIa), Texas Red (type IIb), and Cy5 (type I) channels. Fibers that were scored as negative under all three channels were classified as type IIx. Fibers that were scored as positive on multiple channels were considered hybrid fibers, i.e., a fiber that was scored positive on both Alexa Fluor 488 and Texas Red channels was classified as a type IIa/IIb hybrid fiber.
For manual fiber-type-specific CSA, fibers were first classified by fiber type (see above), and then manually traced using the dystrophin border to assess fiber-type-specific CSA. The dystrophin boundary of individual muscle fibers was visualized in the Alexa Fluor 350 channel.
Manual Myonuclei Counting
Myonuclei were manually counted in images captured at ϫ20 magnification using AxioVision software to determine the number of myonuclei per fiber. A nucleus was identified as a myonucleus if it met one of the following criteria: 1) it was clearly located within the dystrophin boundary; 2) it was on the boundary facing inside the fiber; or 3) Ͼ50% of the area fell inside the dystrophin boundary. Nuclei located in the central portion of a fiber, at least one nuclear diameter away from the dystrophin-stained boundary, were counted as central myonuclei. Rapid, repeated manual switching back and forth between single-channel dystrophin images and merged dystrophin/DAPI images was used to determine the location of a nucleus as inside or outside of the dystrophin boundary. Following counting of myonuclei within an image, fiber number was quantified manually to express the number of myonuclei per fiber.
Automated Fiber Typing and Fiber-type-specific CSA
Digitized images of muscle cross sections were first automatically segmented, described in detail in Ref. 14, which enables quantification of the CSA of each fiber. Representative image features were then extracted as distinctive signatures to separate different fiber types. The final fiber typing was decided by a learned multiple class machine learning unit [support vector machine (SVM)]. The step-by-step process is described below.
Automated image segmentation. The automated segmentation algorithm contains the following three steps: 1) boundary detection to delineate the muscle fiber boundaries (in this step, muscle fiber boundaries are modeled as intensity ridges. The likelihood measurements of the ridges are computed based on an eigen-decomposition of the computed Hessian matrix of the muscle image); 2) mathematical morphological operations to postprocess the detected geometric centers of the muscle; and 3) application of gradient vector flow deformable model to drive the contour toward the boundaries of the muscle fibers.
Our proposed automatic approach is accurate and represents a significant advancement in efficiency (reduced time for analysis from 25-40 min/image to 15 s/image), while accommodating common histochemical quantification obstacles, including biological (e.g., fibrosis) and technical (e.g., processing defects and poor staining quality) artifacts. This approach was validated for fiber CSA determination (14) .
Feature extraction. After automated segmentation, a set of discriminative image features were extracted to separate different types of muscle fibers based on color. A color histogram, representing the number of pixels that have a specific color intensity value for each segmented muscle fiber, was built in the color space containing red, green, and blue channels. The color histogram for the ith muscle fiber is denoted as xi, and the ground-truth muscle fiber type is represented as L i, where Li ʦ {1, . . ., N} denotes different fiber types. In total we have six types: types I, IIa, IIx (unstained, no color), IIb, I/IIa, and IIa/IIb.
Learning-based automated fiber typing using one-against-all SVM. Using the color histogram, SVM was used to identify different fiber , yi ʦ{Ϫ1, ϩ1}, with p denoting the dimensionality of the feature vector. SVM solved the optimization problem:
where w and b define the hyperplanes in SVM, w T represents the transpose of w, and where the training sample was mapped to a high dimension space with the function h(x).
Minimizing w T w is equivalent to maximizing the margins between the positive and negative training samples, and ␥ is used to regulate the training errors ε i and the margins, as illustrated in Fig. 1 . The red dots in Fig. 1 denote the positive training data, and the black dots denote negative training data. The purpose of SVM classifier is to find a hyperplane that can separate two classes based on maximum margin criterion. The decision boundary representing the dashed red lines and dashed blacked lines are w T x ϩ b ϭ ϩ1 and w T x ϩ b ϭ Ϫ1, respectively. The margin between them is 2/||w|| (Fig. 1) . Based on the requirement for maximum margin classifier, the linear separable SVM is learned by maximize 2 ||w|| , subject to: w T x i ϩ b Ն 1(y i ϭ ϩ1), and
Based on simple mathematical deduction:
To solve the optimization problem, we maximize the dual problem, since it is a simple convex quadratic programming problem. The dual problem and the decision boundaries involve mapping h(x) through an inner product, to define the inner product through a kernel function without defining the mapping. In our implementation, we use the linear kernel function k(x, x=) ϭ x · x=. Binary SVM classifier was extended to differentiate more than two types of muscle fibers using a one-against-all SVM. In one-against-all classifier, for each fiber type a binary SVM is trained by labeling the samples from the fiber type as positive samples and all the other classes as negative samples. A testing muscle fiber was assigned to a class having the maximum decision function output value among all the binary classifiers. A detailed comparison of different multipleclass SVM classifiers can be found in Ref. 8 .
For the nth one-against-all SVM classifier C n, the image feature vectors (color histograms) are presented as X, and the binary class labels are presented as Y n , as we illustrated before. After training, N binary SVM classifiers were recorded as C n (w n , b n ), n ϭ 1, . . . N. Given a segmented muscle fiber with x representing its color histogram, the probability that this individual muscle fiber belongs to the nth fiber type was calculated by
The final muscle fiber type was decided by the one-against-all SVM classifier, which maximizes the probability L ϭ argmax Prob (L ϭ n), where n ϭ 1, . . . N.
Automated Myonuclei Counting
Following fiber segmentation as described above and in Ref. 19 , nuclear segmentation was performed in the following three steps. 1) An adaptive threshold t was selected based on the method proposed in Ref. 16 in the blue channel of the input image, and the results were treated as initial seeds. 2) Mathematical morphological operations, including erosion, dilation, and close, were followed to refine the initial seeds. For example, close operation was used to connect oversegmented seeds together. Only initial seeds with proper nuclear areas were kept as possible candidate nuclei. 3) To get the accurate nuclear boundaries, which are critical for accurate detection of the nuclear position with respect to the boundaries of muscle fibers, a 
Auto, automated fiber typing; Man, manual fiber typing; Diff, average quantification difference in percent between the two methods; NA, not applicable. In each row, no. of fibers of this specific type is shown. Mean cross-sectional area (CSA) is that of fibers for this type. 
where v=(s) and vЉ(s) are the first and second derivatives representing the internal energy. E ext [v(s) ] is the external energy that denotes gradients. By incorporating an extra pressure force, balloon snake (5) calculates its internal and external forces, respectively, as follows:
where n(s) represents the normal vector to the snake at the specific point on v(s), ␥ is the corresponding parameter, and represents the weight for the normalized gradient. The first term in Eq. 3 serves as the pressure force to enforce the snake to inflate or deflate (␥ determines the inflation or deflation), while the second term makes it converge to object boundaries. Because of the pressure force and smoothing, the initialization does not need to be close to the boundary, and it is robust to noise inside the objects (5).
Automated identification of central myonuclei.
Using the algorithm, the area of the nucleus was defined as A and area of muscle fiber as M, the following criteria were used to define interstitial cell nuclei, myonuclei, and central myonuclei:
1) If A പ M Ͻ 0.5A, this nucleus will not be counted as a myonucleus (Fig. 2 , region A, represented with yellow contour). 2) If A പ M ϭ A, and the distance between the center of the nucleus and the boundary is greater than the long axis of nucleus, it will be counted as a central myonucleus (shown in Fig. 2 , region B, represented with red contour). 3) If 0.5A Յ A പ M Ͻ A, this nucleus will be counted as a myonucleus (shown in Fig. 2 , region C, represented with blue contour).
EXPERIMENTAL RESULTS
Fiber-type Identification and CSA Assessment
To systemically evaluate the proposed automated fiber-type frequency and fiber-type-specific CSA assessment algorithm, Fig. 5 . The distribution of cross-sectional areas (CSAs) with respect to different fiber types. The curves are generated using kernel density estimation. The x-axis represents the CSA, and the y-axis represents the percentage of the muscle fibers with a specific CSA value. Different colors are utilized to present different types of muscle fiber CSA distribution curves. 20 digitized muscle images that had previously been manually quantified, were randomly selected for automated quantification, as illustrated in Fig. 3 . Muscle cross sections, shown on the left side, were immunoreacted with a dystrophin Ab to outline the fiber boundary, followed by three different MHC Abs, specific for type I (pink), IIa (green), and IIb (red) MHC. Unstained (black) fibers express IIx MHC. The right side of Fig. 3 shows the automated segmentation results with fiber boundaries superimposed in green, and automated fiber-type identification shown in white font.
The results of the manual and automated quantification methods for both fiber-type distribution and CSA values were directly compared (Table 1) . In each row, the number of fibers of this specific type and the mean CSA of fibers for this type, determined by both manual annotation ("Man" row, Table 1) and using the automated algorithm ("Auto" row, Table 1 ) are given. The quantification difference ("Diff" row, Table 1 ) between the two methods shows that both the maximum total automated fiber-type identification difference and the average CSA quantification difference between manual and automated results are Ͻ1%.
After all of the fiber types were identified by the automated method, the overall fiber-type composition of the muscle was computed and represented as a pie chart (Fig. 4) . This analysis showed that the mouse plantaris muscle is composed of Ͼ50% pure MHC type IIa fibers, with an additional 18% of fibers expressing IIa MHC being hybrid fibers, coexpressing either type IIb or type I MHC.
The algorithm was also used to automatically quantify fibertype-specific CSA distribution. The size distribution of each Values are no. of myonuclei per fiber, calculated using the total no. of the myonuclei inside the muscle fiber divided by the total no. of muscle fibers.
Automated Fiber-Type-Specific CSA and Myonuclei Counting • Liu F et al. fiber type was approximately fitted using kernel density estimation, and the results are shown in Fig. 5 . This analysis showed that type IIa muscle fibers were smaller than type I fibers, with hybrid type I/IIa fibers being of intermediate size.
Fibers expressing type IIb MHC, whether pure or hybrid, exhibited large size variations, since there are no distinctive peaks in their corresponding CSA distribution curves (dark and light blue curves).
Myonuclei Counting
Automated myonuclei counting was performed on images of both normal (Fig. 6) and regenerating (Fig. 7) mouse muscles. In both Figs. 6 and 7, the original images are presented in A. The automated fiber segmentation results are shown in B; the boundary of each muscle fiber is delineated with green contours. After nuclear segmentation, the relative myonuclear positions were calculated based on their relationship to the segmented muscle fiber boundaries (see Fig. 2 ). Solid yellow regions are utilized to denote myonuclei, whereas solid white regions denote nuclei on/outside the fiber boundaries in Figs. 6C and 7C. For better illustrative purposes, we show higher magnification images (Figs. 6D and 7D ) of small portions of the total regions counted in B and C in Figs. 6 and 7, to clearly distinguish myonuclei and central myonuclei (yellow contours) from other nuclei (white contours).
The automated and manual quantification approaches were first evaluated on 10 randomly selected digitized images of DAPI/ dystrophin-stained normal adult mouse muscle cross sections (Table 2) . Counting myonuclei is an extremely time-consuming process, requiring, on average, 30 min per image of several hundred fibers. The automated method required only 10 -20 s to obtain the results shown in Table 2 . In Table 2 , the number of myonuclei per fiber, which is calculated using the total number of the myonuclei inside the muscle fiber divided by the total number of muscle fibers, is given. The average difference between automated and manual results is 8.61%.
We next directly compared the reproducibility of automated and manual myonuclear counts. Both the automated counting and manual counting (same experienced technician) were performed at two different times with an interval of several weeks. The detailed results are listed in Table 3 . The automated algorithm always returned exactly the same counts, while the same technician's two counts differed by 7.8%, demonstrating increased reliability of the algorithm over manual annotations. The subjectivity of myonuclear counting is particularly evident when comparing counts obtained by different individuals quantifying the Auto counting 1 and 2 represent two independent counts of the same image using the software; Man counting 1 and 2 denote the same individual's repeated counts of the same image several weeks apart. Values are the no of myonuclei per fiber, calculated using the total no. of the myonuclei inside the muscle fiber divided by the total no. of muscle fibers. The last row represents the average automated and manual counting difference (%) between two independent quantifications. Values are no. of myonuclei per fiber, calculated using the total no. of the myonuclei inside the muscle fiber divided by the total no. of muscle fibers.
same images (Table 4) . A second laboratory member, trained by the technician who generated the results shown in Tables 2 and 3 , recounted seven randomly selected images for quantitative comparison. The average interobserver quantification difference was 27.04% (Table 4) , further illustrating the value of a standardized, computerized method for myonuclear quantification. Because of the subjective nature of manual myonuclear counting, the automated algorithm was validated by counting myonuclei in cross sections from muscles known to have different myonuclear content (9) . Seventeen images from either mouse soleus or plantaris muscles were quantified using the automated algorithm ( Table 5 ). The automated quantification successfully segregated the muscles into two groups based on myonuclear abundance. Consistent with the literature (9), the soleus (images 1-8, Table 5 ) had a greater number of myonuclei than plantaris (images 9 -17, Table 5 We also tested the automated myonuclei counting algorithm on cross sections of regenerating muscles to specifically identify centrally nucleated fibers. Figure 7 shows a representative image ϳ2 wk following injury of the plantaris muscle used for quantification of central nuclei. Manual and automated counting of central myonuclei were performed on five randomly selected images. The automated algorithm accurately identified fibers and the frequency of centrally nucleated fibers; manual and automated counts differed by only 6.15% (Table 6 ).
DISCUSSION
We recently developed an algorithm that calculates average fiber CSA in images in which the fiber sarcolemma is delineated (14) . The present study expands upon that algorithm to automatically quantify additional fiber properties: fiber-type and fiber-type-specific CSA.
Fiber-type and fiber CSA are commonly used to characterize relative contraction velocities, energy metabolism, and size of skeletal muscle fibers. The development of an algorithm that allows for rapid and reproducible quantification of these parameters provides for greater consistency and significant reductions in man-hours that would otherwise be necessary to collect these data. Subtle deviations in manual tracing of muscle fibers is eliminated, improving the quantitative nature of the CSA results. Furthermore, hybrid fibers are efficiently and accurately identified, allowing detailed analysis of fiber-type adaptations. The approach we describe is generally applicable, but has its limitations. Processing of tissue and fixation can be performed at the users' discretion. Similarly, different primary Abs can also be used, i.e., a primary Ab recognizing MHC isoforms from a company other than that listed in the paper would be sufficient. For determination of fiber CSA, primary Abs against any protein found in the sarcolemma or basal lamina can be used, such as dystrophin or laminin. Fluorophore-specific secondary Abs must match the emission spectra of those listed in the paper for the accurate determination of fiber CSA and fiber type. Deviations in the emission spectra of different secondary Abs will negatively impact the ability of the algorithm to correctly identify fiber type and CSA.
Myonuclei were also quantified following fiber segmentation. DAPI staining combined with dystrophin immunhistochemistry to visualize the sarcolemma generates images that currently must be counted manually to quantify myonuclear content. Counting is not only time consuming, but also extremely subjective and prone to large interindividual discrepancies (2). The blue fluorescence of DAPI intercalated into the DNA radiates from the nucleus, sometimes overlapping the dystrophin-stained sarcolemma, so relatively high magnifica- Values are the no. of myonuclei per fiber, calculated using the total no. of the myonuclei inside the muscle fiber divided by the total no. of muscle fibers. Values are the no. of central myonuclei per fiber, calculated using the total no. of the central myonuclei inside the muscle fiber divided by the total no. of muscle fibers.
Automated Fiber-Type-Specific CSA and Myonuclei Counting • Liu F et al. tion images must be analyzed and rules established to classify a nucleus as a myonucleus compared with an interstitial cell nucleus for manual counting. In our laboratory, we define a myonucleus as one in which Ͼ50% of the DAPI-stained structure is contained within the fiber, a rule also incorporated into the algorithm. Even within our laboratory, two individuals, one trained by the other, differ by Ͼ25% in their myonuclear counts of the same images (Table 4) . Differences between laboratories will almost certainly be even larger. Moreover, the subjective nature of the counting dictates that a single person must count all images from a given experiment to evaluate changes in response to experimental perturbation. Even a single individual exhibits inconsistency when asked to recount the same images after a period of time (Table 3) , thereby introducing variability and making interpretation of results more difficult. The development of an automated algorithm serves to reduce both intra-and interobserver variability in myonuclear assessment. This feature will grant a more objective analysis of myonuclear changes that can occur in muscle and also allow for easier comparisons of results between laboratories as differences in subjective observer assessments are greatly reduced. For development of the automated approach for myonuclear counting that includes machine learning described here, we used the manual counts from the most experienced member of the laboratory as "ground truth". Following numerous iterations, the algorithm differed by only 8.61% from the manual counts (Table 2) . Considering the intraindividual variability is 7.8% and the interindividual variability is 27.04%, the automated algorithm indeed provides accurate counting with great reproducibility. To validate the algorithm, soleus and plantaris muscle cross sections were analyzed, and the program accurately classified the muscle based on myonuclear counts. Thus the automated algorithm provides consistent and rapid quantification of myonuclear number.
An additional feature of the automated myonuclei counting algorithm is that it can specifically identify centrally nucleated fibers, thereby quantifying muscle regeneration. Less subjectivity exists in the identification of central compared with total myonuclei due to their location, which may account for more consistent results obtained between manual and automated counts (ϳ6% difference) for centrally located myonuclei compared with total myonuclei. Thus, once regeneration is underway, the algorithm accommodates altered features of regenerating muscle, including increased extracellular space, increased cell infiltration, significant fiber-size heterogeneity, accurate identification of fibers, and the frequency of centrally nucleated fibers.
Taken together, the algorithm enables objective and reproducible quantification of muscle fiber properties that will transform days of labor-intensive work into minutes with excellent accuracy and reproducibility. We are continuing to expand the algorithm to enable quantification of additional muscle fiber properties, such as shape. Currently, we are well on our way to developing a user-friendly interface so that this software can be used widely by the muscle research community. 
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